This paper describes two techniques designed to estimate vehicle journey times on non-signalised roads using 250-ms digital loop-occupancy data produced by single inductive loop detectors. A mechanistic and neural network approach provided historical journey time estimates every 30-seconds based on the data collected from the previous 30-second period. These 30-second estimates would provide the traffic network operator with immediate post-event congestion information on roads where no CCTV cameras were present.
Introduction
Cities using signalised traffic control systems to improve traffic flow and reduce congestion nearly always do so through a traffic control centre. Such a dedicated facility houses not only the infrastructure for controlling traffic signals but also hardware which informs the operator of on-street conditions (close circuit television cameras (CCTV), speed detectors), and allows the dissemination of information to motorists (via variable message signs, local radio feeds and intelligent in-car units). At present, CCTV is commonly regarded as the primary medium for collecting reliable on-street information. CCTV however can only give the operator a snap-shot of conditions at a specific location whereas estimates of journey time for specific routes would provide a better picture of how well a city's streets were performing.
Automatic registration plate recognition using CCTV has been successfully used to provide estimates of journey time 1 where networks of cameras exist. A more cost effective option would result if similar estimates could be derived from the existing inductive loops controlling the city's traffic signals.
The ability to estimate journey times accurately using loop detectors, depends on the particular format and aggregation level of the digital data produced. Most techniques have relied on the ability to obtain an accurate estimate of time-mean speed, either using direct measurements from double loop speed detectors 2, 3 or by the relationship between flow, speed and occupancy 4 using single loops 5, 6, 7, 8, 9 , before attempting to estimate journey time.
Estimates of travel times on motorways have been achieved using stochastic probability models 9 , statistical estimates of volume, occupancy and speed 8 , and time-mean speed measurements 3 .
Estimates of travel times have also been achieved in urban signalised areas by identifying traffic signal phases and modelling the delay to queued vehicles passing over an upstream controlling detector 6 .
There is often considerable unexplained day-to-day variability in recorded journey times along the same stretch of road. The ability to train a neural network using examples of various road conditions might produce a more accurate and versatile journey time estimation tool compared to the more mechanistic time-mean speed approaches. Using flow and occupancy data related to actual measured journey times, techniques involving neural networks 7 and fuzzy logic 5 have been used to estimate journey times on signalised links.
A technique enabling video footage to be collected in synchronisation with loop-occupancy data 10 has led to the development of detailed databases containing vehicle loop profiles matched to measured journey times. This allows the performance of various journey time estimation techniques to be assessed in detail. This paper describes the on-street performance of a new neural network based journey time estimator compared to a simplistic speed-based technique on a non-signalised road in Southampton.
Objectives
Using a technique to derive 30-second estimates of mean vehicle speed, average loop- c) Assess the accuracy of the journey time estimates produced by the models using:
i) Data from all detectors on the survey links.
ii) Data from pairs of detectors on the survey links.
Concept Development
The methodology for extracting the necessary parameters from the detector data has been described in detail 11, 12 . Single inductive loop detectors buried in the road surface produce an analogue signal which is turned into a digital signal (0/1) by a detector pad usually located in the controller. A '1' indicates the presence of metal over the loop 13 . Cars sit closer to the road surface than vans and lorries and cut more lines of magnetic flux as they pass over a detector, so generating a higher inductance change.
The vehicle-presence status of a SCOOT-type detector 14 ATGBV uses the same process for calculating ALOTPV but in reverse, (the number of 250-ms vacancies divided by the number of vehicles) and produced a ratio between 1 and 120, the former indicating stationary traffic, the latter free-flow conditions. Regressing 30-second ALOTPV data against the mean measured speeds of vehicles (determined through video surveillance) gave reliable estimates of speed 12 . All data were collected through the ROMANSE traffic control centre in Southampton 15 .
Survey areas
Two links feeding Southampton city centre were fitted with single inductive loop detectors at approximately 100-metre intervals 16 . 
Mechanistic journey time estimation technique
The five stages in the mechanistic model were as follows: If in a theoretical situation, detectors were positioned up and down stream of a factory entrance, the overall mean speed derived might be higher than reality, due to the inability of the detectors to reflect the influence of slower vehicles entering and exiting the link between them.
Neural Network journey time estimation technique
The neural network models described here were built using NeuralWare's 'Predict' software Predict's variable selection process then uses a genetic algorithm to identify subsets of the selected transformations which provide the closest matches to the target output.
The neural networks created were designed using an adaptive gradient learning rule which is a form of back propagation. Instead of using a fixed architecture for the design where the number of hidden processing layers are fixed, Predict uses a constructive method called 'cascade learning' to determine the optimum number of hidden processing layers. This can lead to different numbers of hidden layers being used between networks.
Matching the vehicle registration plates extracted from video surveillance gave the overall journey times of the vehicles travelling down the two test sites. The basis for training was the ability to link the 30-second loop-occupancy data (ALOTPV, ATGBV and percentage occupancy) to the average measured journey times of the vehicles in each 30-second start interval (Table 1) . Five days worth of measured journey times had been collected on both the Bassett Avenue and Winchester Road. Due to the day-to-day journey time variability observed it was decided in the first instance to give the networks a minimum of four days training data, testing on the remaining unseen day. (In the event, a detector fault on Bassett
Avenue meant that only four days worth of data were available at this site and hence the relevant neural networks were only given 3 days worth of training data). In summary, the neural network was trained by presenting it with a picture of the link The results (Figure 3) showed that (using a paired t-test) there were significant differences between the mean journey time deviations derived by the two prediction methods (t (170) = 5.8, p < 0.001). On average the mechanistic approach significantly over-estimated journey times (27.5 seconds) compared to the neural network (5.1 seconds). This equated to a mean absolute percentage deviation from the mean measured journey time (MAPD) of 15% and 12%
respectively. There were also significant differences between the variances given by the two prediction methods, (F (170,170) = 1.389, p < 0.01), the neural network approach giving significantly less variability from the mean measured journey time compared to the mechanistic estimator. 
A33 Bassett Avenue: Journey time estimations using only two detectors
If single inductive loops were to be used for estimating journey times in any commercial application, funding would not be available to locate them every 100m.
In trials using pairs of detectors, the most accurate neural network estimates of the journey times over the whole 1149m were obtained using detectors 3234A and 3234D 307m apart, and 652m and 190m from the link entry and exit respectively. Detectors 3214K and 3234D gave the best mechanistic estimates over the 1149m. Figure 4 shows how the mechanistic 2.13, p < 0.05). An F-test showed that there were also highly significant differences between the variances given by the two models, (F (170,170) = 8.67, p < 0.001), the neural network approach giving significantly less variability from the measured journey times compared to the mechanistic estimator.
Comparing the performance of the neural network created using data from all detectors against that using data from only two showed that there was no significant increase in the MAPD, (12% and 12.8% respectively), t (170) = 0.28, p > 0.05 although the use of only two detectors for training did lead to a significant increase in the variability from the measured journey times, (F (170,170) = 1.5, p < 0.05). The performance of the mechanistic approach was significantly impaired when data from only two detectors were used compared to all the detectors in terms of both MAPD (34% compared to 15% respectively, t (170) = 8.3, p < 0.001) and the variance around the mean (F (170,170) = 6.7, p < 0.001).
A35 Winchester Road: Journey time estimations using all available detectors
Five days of loop-occupancy and measured journey time data were collected along Winchester Road during the October 1996 surveys (Figure 1b) . The A35 Winchester Road differed in character from Bassett Avenue in that parking was permitted along its entire length. Vehicles stopping to drop passengers or visit the shops at the Hill Lane end of the link frequently disrupted traffic flow.
Using all 9 detectors, a neural network was designed and trained on ALOTPV data from 7,9,10 and 11 October and tested on the 8/10/96. During the building process the data from detectors 1311E, 1311G, 1311J, 1321S were rejected for not contributing to the learning process. Through a 5-0-1 architecture, the neural network achieved an internal correlation of 0.96 during training and outperformed the mechanistic model during testing with a MAPD of 10.8% compared to 12.9%. Figure 5 shows how the mechanistic estimator again suffered from greater inaccuracies during the peak period, an average over estimation of 17.7 seconds.
A paired t-test and an F-test showed that there were significant differences in the mean deviations from the measured journey times and the variances around those means between the two techniques, t (228) = 7.86, p < 0.001 and F (228,228) = 2.15, p <0.001. 
A35 Winchester Road: Journey time estimations using only two detectors
A neural network given ALOTPV, ATGBV and percent occupancy data only from detectors 1311H and 1321U for 7,9,10 and 11 October 1996 was tested on the same output from the 8/10/96. Through a 3-0-1 architecture the network produced an internal correlation of 0.93 during training and the MAPD produced during testing was 13% compared to the mechanistic's 25%, ( Figure 6 ) the latter method over-estimating by an average 14 seconds.
Again a paired t-test and an F-test showed that there were significant differences in the mean Comparing the performance of the neural network created using data from all detectors against that using data from only two showed that there was a significant increase in the MAPD (10.8% compared to 13% respectively), t (228) = 3.39, p < 0.001 and in the variability from the measured journey times, (F (228,228) = 1.78, p < 0.001). The performance of the mechanistic approach also degraded significantly when data from only two detectors were used compared to all the detectors in terms of MAPD (25% compared to 13% respectively, t (228) = 6.67, p < 0.001) and the variance around the mean (F (228,228) = 5.92, p < 0.001). 
Discussion
The accuracy of the ALOTPV derived speed estimates used in the mechanistic approach depended critically on a detector's level of sensitivity, relative to that of the loop on which the speed estimates had been originally determined 12 . Large variations in sensitivity were found between the detectors fitted on both the A33 and A35, affecting the loop-occupancy profiles of the vehicle platoons passing over them. This problem could be overcome if the sensitivity of each detector was set to the same level during installation.
Unlike the neural network technique, the mechanistic approach does not require the collection of training data. Although proved to be less accurate, it is much more flexible in being able to provide estimates using multiple combinations of differently spaced detectors. The neural networks designed in this research are unique to the links on which they were trained, containing the unique characteristics of the particular road (bus stops, pedestrian crossings and key junctions). A separate issue not addressed here is how conditions on a road change over time and how representative of 'typical' link conditions are the data that have been collected for training? How often would new training data be required to 'update' a network in order to keep pace with changing traffic conditions over time?
Collecting training data using registration plate surveys is an expensive process, and a key issue is the minimum amount needed for the training process. Networks can be over trained when so many examples are provided that estimates follow a mean trend line through the data 18 . Using the same two detectors which returned the most accurate journey time estimates on Bassett Avenue (3234A and 3234D) a neural network was designed, training on data from 
Conclusions: Potential uses for accurate link journey time forecasts
The results showed that journey time estimates on non-signalised links using neural networks trained on three days of morning peak data give significantly greater accuracy compared to a mechanistic speed based approach. This was particularly evident when using the minimum of two detectors, (13% MAPD compared to 25% in the case of the Winchester Road). This work has used the 250-ms digital loop-occupancy data from single inductive loop detectors to determine journey times. Where available, similar output from other detector types could be used to provide direct speed measurements or values of flow and occupancy.
